24 1. A major challenge in applied ecology consists in integrating knowledge from 25 different datasets to produce robust ecological indicators. To estimate species distribution, 26 occupancy models are a flexible framework that can accommodate several datasets obtained 27 from different sampling methods. However, repeating visits at sampling sites is a prerequisite 28 for using standard occupancy models, which may limit their use. Under certain conditions, 29 detection/non-detection data collected during single visit can be analysed with occupancy 30 models. To date however, single-visit occupancy models have never been used to combine 31 several different datasets. 32 2. Here, we developed an approach that combines multi-method and single-visit 33 occupancy models. As a case study, we estimated the distribution of Bottlenose dolphins 34 (Tursiops truncatus) over the North-western Mediterranean Sea by combining 24,624 km of 35 aerial surveys and 21,464 km of at-sea monitoring. We compared the outputs of single-vs. 36 repeated-visit multi-method occupancy models, and that of single-method occupancy models. 37 3. Multi-method models allowed a better sampling coverage in both coasts and high 38 seas and provided a better precision for occupancy estimates than single-method occupancy 39 models using aerial surveys or at-sea surveys in isolation. 40 4. Overall, single-and repeated-visit multi-method occupancy models produced 41 similar inference about the distribution of bottlenose dolphins. This suggests that single-visit 42 occupancy models provide robust occupancy estimates, which open promising perspectives 43 for the use of non-standardized datasets. 44 5. Synthesis and applications: Single-visit multi-method occupancy models can help 45 making the best out of ecological monitoring programs by optimizing cost effectiveness 46 through the formal combination of datasets. 47 48 Keywords 49 Bottlenose dolphins, Ecological monitoring, Integrated species distribution models, Multi-50 method, Occupancy models, Single-visit 51 52 SuppInfo_Lauret_et_al.html 595
Introduction 53
Ecological monitoring (EM) is an inherent process of most ecology and conservation 54 biology studies. EM produces important information for decision-making prior implementing 55 management strategies, or for evaluating management efficiency (Lyons, Runge, Laskowski, 56 & Kendall, 2008 Nichols, & Boulinier, 2001) , and the sub-optimal use of collected data to inform wildlife 59 management (Lindenmayer & Likens, 2010 ; J. Nichols & Williams, 2006) . Some criticisms 60 pointed out EM programs as being costly and wasteful, with few informative outcomes from 61 collected data (Lovett et al., 2007) , while studies in ecology and conservation are often 62 performed in cost-constrained contexts that require making the best out of EM programs 63 (Lindenmayer & Likens, 2010) . 64
In applied ecology, several competing EM programs are often carried out to collect 65 ecological data. EM programs are conducted by organizations operating across different time 66 scales, geographic scales and funding initiatives (Lindenmayer & Likens, 2010) . Some EM 67 programs are performed at the local level, and provide highly detailed information over small 68 spatial extents. On the other hand, institutional agenda of high-level policy-makers argue for 69 large scale evaluation of environmental status (e.g. the EU Marine Strategy Framework 70
Directive that requires a global assessment of European marine waters Directive 2008/56/EC 71 of the European Parliament). Ideally, effective EM should address well-defined objectives 72 using standardized sampling design, i.e. fixed protocols at known sampling locations (Lovett 73 et al., 2007) . However, in many cases, EM collect data under protocols in which the sampling 74 locations, effort and methods are meant to change over time, therefore leading to what we will 75 refer to as non-standardized data (Miller, Pacifici, Sanderlin, & Reich, 2019 proposed. First, multi-method occupancy models combine data from different monitoring 108 programs to improve the estimation of species distribution ( In this paper, we develop an approach that combines multi-method and single-visit 122 occupancy models. As a case study, we focus our analysis on the distribution of Bottlenose dolphins (Tursiops truncatus) in the North-Western Mediterranean Sea. We illustrate how 124 two datasets of marine monitoring programs can be combined with multi-method SV 125 occupancy models to estimate AOO indicator for biodiversity conservation. In the marine 126 world, many species of conservation interest are elusive, and EM data can be costly 127 seas) has the potential to provide relevant information about these species (Waggitt et al., 135 2019 ). Here, we combine aerial surveys and at-sea monitoring into multi-method SV 136 occupancy models. We compare the outputs of multi-method occupancy models to occupancy 137 models using at-sea monitoring data only or aerial survey data only. We demonstrate that 138 combining several datasets into multi-method SV occupancy models leads to accurate 139 ecological estimation while relaxing the assumptions hampering the accommodation of non-140 standardized data. Last, we discuss the advantages of using complementary EM programs in 141 applied ecology. 
Occupancy models 192
Occupancy models estimate spatial distribution while accounting for imperfect species 193 detection (Mackenzie et al., 2002) . In EM, a species may be not detected on a site even 194 though it was present at that site -this is usually referred to as false negatives. The 195 formulation of occupancy models as state-space models (SSM) allows distinguishing the 196 latent ecological state process (i.e. species present or absent at a site) from the detection 197 process (Royle & Kéry, 2007) . We denote z i the latent occupancy of site i (z = 1, presence; z 198 = 0, absence). We assumed z i is drawn from a Bernoulli distribution with Ψ i the probability 199 that the species is present at site i. 200
In standard occupancy designs, each site is visited J times to estimate the rate of false-202 negatives. We denote y i,j (y i,j = 0, no detection ; y i,j = 1, detection) the observations 203 corresponding to the data collected at site i during visit j (j =1,..,J). Repeating visits at a site 204 allows estimating species detectability, with p i,j being the probability of detecting the species 205 at visit j given it is present at site i. 206 where regression parameters β 0 , β 0 , β 0 , α 0 , and α 1 are unknown and need to be estimated.
232
We considered that a covariate effect size was statistically significant when its 95% 233 credible interval (CI) did not include 0. Here, we built a multi-method occupancy model using data from the two monitoring 247 programs. For convenience, we drop the subscripts in the notation. The observation process 248 takes four values with y = 0 for no detection, y = 1 for detection by aerial survey only, y = 2 249 for detection by at-sea survey, and y = 3 for detection by both monitoring programs. 250
Assuming the detection methods are independent, the observation process can be written 251 using detection probability by the aerial survey (p a ) and the detection probability by the at-sea 252 survey (p s ): 253 and at-sea dataset. As we considered a single visit (J = 1), we calculated the total sampling 259 effort and averaged the SST values over the 4 repeated visits. 260
Bayesian implementation 261
To assess the performance of multi-method SV occupancy models, we analysed 262 separately aerial survey data models and at-sea data using both SV and RV occupancy 263 models. We ran all models with three chains of Markov Chain Monte Carlo sampler with 264 20,000 iteration each in JAGS (Plummer & others, 2003) SST effect size was null for all models (Fig. 2) . 284
All maps displayed higher Ψ values on the continental shelf than on the high seas 285 although intensities of Ψ were different between occupancy models (Fig. 3) . At-sea surveys 286 produced the most contrasted maps, with the highest estimation of Ψ in the high-seas and the 287 lowest in the continental shelf. Maps from multi-method occupancy models displayed 288 moderate contrast of Ψ compared to maps from at-sea and from aerial surveys (Fig. 3) . SV 289 models displayed higher Ψ in sea shelf compared to RV occupancy models. 290 291 Discussion 292
Combining datasets improves parameter estimates of occupancy models 293
When the species of interest displays a large range of occurrence (such as bottlenose 294 dolphins), considering multiple sampling methods is effective to monitor the entire population 295 making the best of each device (Haynes et al., 2013) . In the marine world, aerial surveys 296 allow to monitor the pelagic area while at-sea surveys provided coastal information with a 297 higher concentration of sampling effort, which results in maximizing spatial and temporal 298 coverage of marine megafauna (Waggitt et al., 2019) . In our case study, ecological estimates 299 from multi-method occupancy models ranged between the estimates obtained with each 300 dataset separately, and combining data increased precision of covariates effect size on AOO 301 Halpin, 2008). However, the probability of area used by bottlenose dolphins was spatially 307 different between models (Fig. 3) . Because at-sea occupancy model assigned more 308 importance to bathymetry than aerial survey occupancy models, at-sea data occupancy models 309 predicted a lower presence of bottlenose dolphins in the high seas than aerial surveys 310 occupancy models (Figs 2-3) . These spatial differences in the intensity of AOO could affect 311 the allocation of conservation funding for future monitoring or management of this species. 312
For example, assuming the species makes little use of the high seas compared to the 313 continental shelf might lead to unbalanced conservation effort discarding the high seas. Multi-314 method occupancy models accounted for bottlenose dolphins' detections from aerial surveys 315 in the high seas and produced a map closer to aerial survey occupancy models than that of at-316 sea occupancy models. Our results support the well-known benefit of combining datasets into 317 multi-method occupancy models (Clare et al. at-sea and aerial surveys were performed during different years (see Methods section), we 323 considered them as independent in our case study. 324
Using SV occupancy models to make the best of EM 325
Here, RV multi-method occupancy model provided the highest precision in effect size 326 estimation of AOO, but implementing multiple methods combined with RV also led to the 327 highest sampling effort. Monitoring agencies do not always have the resources to conduct RV 328 and to implement multiple sampling methods (Pregler et al., 2015) . In applied ecology, 329 monitoring is often performed in a cost constrained context (Lindenmayer & Likens, 2010; J. 330 D. Nichols et al., 2008) . SV occupancy models produced similar estimates to those obtained 331 with RV occupancy but with lower precision on the covariates' effect size (Fig. 2) . Because 332 at-sea sampling effort was heterogeneous among sampled sites, many sites were sampled only 333 once by at-sea monitoring program. We underlined the capacity of SV occupancy models to 334 use datasets obtained from sampling protocols that did not perform replicated surveys, which 335 was the case for the at-sea dataset. In this way, Miller Mediterranean Sea. "MM" stands for multi-method occupancy models, in which aerial 581 surveys and at-sea surveys are combined. Repeated-visit occupancy maps refer to occupancy 582 models with 4 sampling occasions. Single-visit maps refer to occupancy models considering 1 583 sampling occasion. Using the posterior mean of regression parameters, we estimated the 584 probability that site i was used by bottlenose dolphins. 585
